Do European agri-environment measures help reduce herbicide use? Evidence from viticulture in France 1 Introduction
In the mid-1980s, increasing concern over the environmental impact of agriculture led to the introduction of agri-environmental schemes (AESs) in the European Union. AESs offer payments to farmers who voluntarily accept to adopt pro-environmental practices, and constitute a central component of the European Common Agricultural Policy (CAP).
1 However, doubts are often expressed about the effectiveness of these schemes. Indeed, because AESs are voluntary schemes whose requirements and per-hectare payments are generally uniform for all farmers, the potential for adverse selection is high (Fraser, 2009; Chabé-Ferret and Subervie, 2013) . In the extreme case in which an AES only attracts farmers who would have behaved the same way in the absence of payment, the additional effect of the AES is null.
Despite widespread interest and investment in AESs (Uthes and Matzdorf (2013) ; Udagawa, Hodge, and Reader (2014) ), few schemes have been thoroughly evaluated. Chabé-Ferret and Subervie (2013) show that French AESs that impose strong requirements, such as the AES subsidizing conversion to organic farming, had large additional effects. On the contrary, the authors find that AESs with modest aims, such as the AES only requiring farmers to add one crop to the rotation, have generated very limited additional effects. Pufahl and Weiss (2009) show that, overall, benefiting from AESs may significantly decrease the use of agrochemicals and increase grassland area in Germany. Arata and Sckokai (2016) consider as well the overall impact of European AESs on a range of indicators, such as the per hectare expenditures on fertilizers and crop protection, the share of grassland, and the number of crops grown on the farm. They find that, overall, AESs affect more heavily the production choices of participants whose farm income rely on agri-environmental payments by more than five percent. Despite the increasing literature on the effectiveness of AESs, to the best of our knowledge there are no studies that evaluate the effectiveness of AESs specifically targeting the use of pesticides. This article aims at filling this gap.
Contamination by pesticides from agriculture is a source of water quality degradation in several countries in the European Union according to Eurostat. 2 This occurs when pesticides used in fields are picked up and carried away by runoff and deposited into lakes, rivers, wetlands, coastal waters, and underground sources of drinking water. These pollutants are of increasing concern because of their potential impacts on the environment, wildlife, and human ment. These schemes are routinely monitored and evaluated on the basis of participation rates, spatial coverage and budget spending. Though, they have received little attention with respect to their actual impact on agricultural practices. To answer this question, we focus on one emblematic case study: herbicide use in South of France vineyards.
Of all cropping systems in France, wine growing uses the most pesticides, with an average application of 16 phytosanitary treatments per hectare in 2010 (Agreste, 2012) . Among the pesticides used by winegrowers, herbicides are the most commonly detected in the ground and surface waters in South of France. Given the extent of winegrowing and its reliance on herbicides, 3 incentivizing winegrowers to reduce their use of herbicides is a major challenge. This challenge has been addressed by the implementation of an AES called the "territorialized AES"
that includes several options for herbicide use reduction. The objective of the present study is to estimate the additional effect of these options on winegrowers who entered the scheme in the first four years of its implementation (2010) (2011) (2012) (2013) in a Southern region of France called Languedoc-Roussillon.
The main concern when evaluating the impact of an AES arises from the fact that participants in the AES self-select into the scheme given its voluntary nature. To deal with this issue, we use the variation in the administrative eligibility of farmers to the scheme across time and space, an identification strategy commonly used in the microeconomic impact analysis literature (see for example Bruhn (2013) , Aker (2010) , Jensen (2007) , Galiani, Gertler, and Schargrodsky (2005) ). In practice, we compare the use of herbicides of participants in the AES to that of non-participants displaying identical observable characteristics and who became participants once administratively eligible. We use a matching approach to estimate the average treatment We first evaluate the overall impact of all AES options targeting herbicide use in the region.
We find that the quantity of herbicides used by participants in the scheme in 2011 ranges from 38 to 53 percent below what they would have used without the scheme, and from 42 to 50 percent in 2012. All our results are robust to various matching estimators. We moreover perform a sensitivity test that provides support to our findings. Our results are also robust to the exclusion of participants in the most stringent measure (the organic farming option) which could have been suspected of driving the overall results. Our findings also hold when focusing on a sub-region of the study area, therefore accounting for spatial heterogeneity. We moreover evaluate the impact associated with the least stringent measure, which is also the most popular (the "zero herbicide between the rows" option). Our results show that the impact of this option alone was statistically significant in 2011 but not in 2012. This suggests that least demanding AES options are effective in avoiding pollution peaks when weed pressure is high (as in 2011), whereas more demanding AES options guarantee an overall reduction in herbicide use even during relatively easy farming years in which less weed pressure is experienced (as in 2012).
Finally, we provide a simple extrapolation of our results to show that these AES options may not be sufficient to ensure improved water quality in the watersheds targeted by the AES if the quantity of herbicides carried away by runoff is too large.
The remainder of this article is organized as follows. We first present the scheme under study and the institutional rules governing the timing of its implementation in Section 2. We present the data used in Section 3, then the identification strategy in Section 4. Thereafter we present and discuss the results of the overall scheme evaluation and of one specific optionthe so-called "zero herbicides between the vine rows" in Section 5. This section also provides a sensitivity analysis and various robustness checks, as well as some illustrative figures in order to discuss the likely impact of the AES on water quality. Section 6 concludes.
AES targeting herbicide use
Languedoc-Roussillon contains more vineyards than any other region in France, covering some 236,500 ha and constituting 30 percent of the nation's vineyards. Two out of every three farms in the region grow wine grapes (Agreste, 2011) . The AES options offered to winegrowers in this region between 2010 and 2013 focused exclusively on the reduction of herbicides use. These measures target the most environmentally-sensitive catchments and are implemented by local operators in 29 catchments in the Languedoc-Roussillon region, most of which exhibit levels of herbicide residues exceeding the regulatory limit. Figure 1 shows the areas in the LanguedocRoussillon region where water quality improvement has been identified as a priority by public authorities and therefore where farmers were offered to participate in the AES.
This AES relies on 5-year contracts, to which farmers apply voluntarily. It is worth mentioning that AES implementation by local operators in priority areas required many administrative procedures that ended up delaying the availability of the scheme to farmers in some cases. As a first requirement, a hydro-geological diagnostic had to be established for each priority catchment in order to assess its vulnerability and accurately define the limits of the area targeted by the AES. An official decree then had to approve this delimitation. Next, a local operator was nominated to design an agri-environmental project based on a second diagnostic. This second diagnostic aimed to identify the current farming practices in use at the catchment in order to best adapt the proposed options to the needs of local farmers. For each of the catchment's farming activity, the operator was required to choose from a national menu of options, the two options that were to be offered to farmers located on the catchment. As the last requirement, the final scheme had to be validated by a regional committee meeting once a year. After this process was complete, the local operator was then in charge of promoting the AES to farmers. Finally, farmers willing to participate had to send in an application form by the 15th of May.
The time needed to implement these steps was highly heterogeneous between catchment areas. Consequently, the different areas became eligible to participate in the AES at different dates. Information we obtained from local operators during the data collection suggest that the time required for AES implementation was likely related to the nature of the local operator
themselves. In what follows, we make use of this exogenous variation in the timing of the AES implementation to estimate its impact on the quantity of herbicides used by participants in the scheme.
Data

Sample
Our sample includes a total number of 153 winegrowers who entered the scheme between Table 1 provides the area under contract in the sample, by AES option and by start year. The last row indicates that the total area under contract is much larger in 2012 than in other years.
The reason for this is that a large number of territories, some very large, have become eligible to 4 Data for the remaining 24 percent was not available due to either delays in farms' annuals diagnostics or un- the AES that year. The last column shows that the most popular option in our sample is the one requiring elimination of herbicide use between the vine rows only, with no limits on the quantity of herbicides used underneath the vine rows. It represents about 79 percent of the total area covered by the sample. This proportion is very close to the actual regional take-up, 72 percent of engaged areas in the region according to the French Paying Agency. In viticulture, the main alternatives to using herbicides for weed control are mechanical methods such as tillage, controlled grassing, and mowing. They might be more time-consuming but do not affect yields.
However, mechanized weeding under vine rows requires specific investments, and farmers willing to reduce their use of herbicides without these further investments usually combine the use of mechanical alternatives between the rows with chemical weeding underneath the rows. That is why the most popular option is the one requiring suppressing herbicide use between the vine rows only.
Herbicide Use
Every farmer willing to participate in the scheme was required to undergo a diagnosis of his farm by a certified technician. As part of this diagnosis, information on the quantity of herbicides used during the previous farming season was collected for each plot on the farm. This appraisal was conducted every year during the entire period of the AES through an annual follow-up for the engaged plots. We collected both the initial diagnosis as well as the follow-up documents held by the catchment operators for most farmers who entered the scheme between 2010 and 2013.
From these data, we were able to calculate the quantity of herbicides used by winegrowers on the plots under contract, as measured through the Treatment Frequency Index (TFI). This index represents the number of so-called reference doses of herbicides applied during a farming year (Pingault et al., 2009) . The reference dose is often considered the normal dose, as it corresponds to the efficient dose of a product for a specific culture and pest: TFI = treated area total area * dose used reference dose For example, if the reference dose of an herbicide is spread over the entire area of a plot, then the TFI of the plot equals one. If the herbicide is spread at its reference dose but only under the vine rows, the TFI of the plot equals one third, because the space between vine rows is roughly twice as wide as the vine row itself.
Although every participant in the scheme was required to provide detailed information on the quantity of herbicides used each year to the catchment operator, some follow-up documents were not available at the time we met the catchment operators. Thus, some observations are missing in the database. Moreover, even when the follow-up document was available, we were not able to calculate the quantity of herbicides used in some cases because the information was incomplete. In the end, we were able to construct the TFI in 2011 for 123 winegrowers who had entered the scheme between 2010 and 2012, and the TFI in 2012 for 138 winegrowers who had entered the scheme between 2010 and 2013.
6 Note that our sample does not include farmers who never participated in the AES. This is simply because data about these practices are usually not available. Indeed, the quantity of herbicides used by winegrowers is private data, and even if most winegrowers keep records of the treatments they apply, they are under no legal obligation to provide this information unless they participate in AESs.
Winegrowers' characteristics
We then matched the herbicide use data to the French Agricultural Census that was conducted Denomination of Origin (as a share of the production), irrigated land (as a share of the UAA), ownership (as a share of the UAA), the average topographic slope of the municipality where the farm is located, and the proportion of UAA cultivated without herbicides. We provide mean values of these variables for each group selected in the impact analysis thereafter (see Tables 2 and 5 in Section 5.1).
Identification Strategy
Parameter of interest
The parameter we aim to estimate is the average causal effect of the AES on the amount of herbicides used by winegrowers who actually participated in the AES, the so-called Average Treatment effect on the Treated (ATT):
(1) 6 We also obtained data on the quantity of herbicides used in 2010 for farmers who entered the scheme in 2010
or 2011, and data on the quantity of herbicides used in 2013 for some farmers who entered the scheme between 2010 and 2013, but the resulting sample size and the proportion of farmers who can be considered as treated in our framework are too small to allow us to estimate the impact of the AES in 2010 or 2013.
where Y 1 is the TFI in the presence of the AES,Y 0 is the TFI in the absence of the scheme and AE S is the treatment variable, a dummy variable that takes the value 1 if the winegrower is participating to the scheme and 0 otherwise. The average level of herbicide that would have been used by participants, had they not participated in the AES, E (Y 0 |AES = 1), is unobservable to us. This is the standard problem of causal inference. The purpose of our analysis is precisely to estimate this level.
For this, we exploit the exogenous variation in the implementation of the scheme across time and space, as described in Section 2, and a matching approach to create a control group from which to estimate E (Y 0 |AES = 1). Non-participants who ultimately became participants are good candidates because data about their use of herbicides, collected one year before they entered the scheme, is available and because they are likely to have similar characteristics to early participants. Take the example of the AES impact in 2011, which is defined as follows:
where X is a vector of pre-treatment observable factors. The estimator implied by Equation 2 is simply the difference between two sample means: the average amount of herbicides used by winegrowers who were participants in 2011 and the average amount of herbicides used in 2011 by their matched counterparts, similar in terms of X , but who had to wait until 2012 to participate in the AES.
7
For the identification of the ATT to be valid, we must make a second assumption, known as the Stable Unit Treatment Value Assumption (SUTVA), which requires that the treatment received by a subject does not alter the outcome for other subjects (Rubin, 1978) . The SUTVA fails if, for example, the quantity of herbicides used by farmers in late approved catchments has been influenced by the implementation of the scheme in early approved catchments. If the group of winegrowers participating in the scheme in later-approved catchments has indeed reduced its average use of herbicides by anticipation of the AES, then using them as a control group would lead to underestimation of the impact of the scheme on early participants. In that case, we would measure the minimum impact of the scheme. Notice however that it is very unlikely that farmers begin to reduce herbicide use more than one year before the launch of the scheme on the catchment area where they are located.
7 Similarly, the AES impact in 2012, ATT 2012 , can be written as follows:
The estimator implied by Equation 3 is the difference between the average amount of herbicides used by winegrowers who were participants in 2012 and the average amount of herbicides used in 2012 by their matched counterparts, similar in terms of X , but who had to wait until 2013 to participate in the AES.
Estimators
We use matching estimators, which address the selection bias caused by observable characteristics by comparing the TFI of current participants with those of observationally-identical matched future-participants. More specifically, we use the nearest-neighbor matching estimator (Abadie et al., 2004) , and the kernel-based matching estimator (Leuven and Sianesi, 2003) .
These estimators differ in how matched untreated farmers are selected through the matching procedure. It is important that the covariates X used for the matching procedure are not affected by the treatment (Imbens, 2004) , which is why we utilize 2009 values from the French Agricultural Census. Moreover, we also apply the matching procedure to the summary statistic Pr(AES i = 1|X i ), also called the propensity score (Rosenbaum and Rubin, 1983) . We use the asymptotically-consistent estimator of the variance of the nearest-neighbour matching estimator allowing for heteroskedastic errors provided by Abadie and Imbens (2006) , and we implement a bootstrap procedure of 500 repetitions in order to generate an estimator of the variance of the kernel matching estimator. Finally, we generate an estimate of the ATT by simply regressing the TFI on the treatment variable AES, controlling for the pre-treatment variables X .
Results
Impact of the AES in 2011 and 2012
To Conditional probabilities for participating in the scheme (or propensity scores) are computed by estimating a probit model which includes all of the aforementioned covariates X , and where the dependent variable takes on the value of one if the farmer participated in the AES at least one year between 2010 and 2013 and zero if he never joined the scheme. To estimate this model, we thus add to the database a subset of winegrowers who were eligible for the AES but who decided not to participate in the scheme. We select a subset of those eligible farmers by taking all farmers located in the municipalities where a participant can be found. Those farm-ers had the opportunity to enter the scheme but intentionally decided not to do it, which make them very different from participants and thus constitute a relevant group for the prediction of the probability of being participant. 8 Given the estimates from the probit model, we then compute the propensity scores for the subset of farmers who will be used in the impact analysis (participants and future participants). Figure 2 indeed shows that densities in both groups are high enough for a wide range of propensity scores, meaning that the matching procedure is likely to perform well.
We then compare the extent of balancing between the two groups before and after the matching procedure. We calculate the normalized differences in covariate means between treated farmers and untreated farmers, before and after matching. The normalized difference is the difference in means between the two groups considered divided by the square root of the sum of variances for both groups, and is the most commonly accepted diagnostic used to assess covariate balance (Rosenbaum and Rubin, 1985; Stuart, 2010; Alix-Garcia, Sims, and Yañez-Pagans, 2015; Jayachandran et al., 2017) . Table 2 displays the results. In almost all cases, the sample differences in the raw data (Column. 4) exceed those after matching (Column. 5).
Moreover, all the normalized differences after matching are below the suggested rule of thumb of 0.25 standard deviations (Imbens and Wooldridge, 2009 ), except the variable measuring age with a difference of 0.27 standard deviations. We conclude that the process of matching creates a high degree of balance between the treatment and control samples that are used in the estimation procedure.
The first column of Table 3 gives the estimated ATT in 2011 from the matching estimators and the OLS regression. The results appear remarkably stable, with a negative difference in TFI between treated and control groups of −0.29 points using the smallest significant impact estimator, which is the one-nearest-neighbour estimator based on vector X , and −0.54 points using the largest significant impact estimator, which is the propensity score one-nearest neighbour matching estimator. Taking the smallest ATT and given that the average TFI equals 0.48 in the treated group, it means that the quantity of herbicides used by participants in the scheme in 2011 would have been 0.77 (0.48+0.29) in the absence of the AES. Put differently, the quantity of herbicides used by participants in the scheme in 2011 is about 38 percent (0.29/0.77) below the quantity that would have been used without the scheme. Taking the largest impact estimator, it is about 53 percent.
We test the sensitivity of our findings by using an approach that determines how strongly an unmeasured variable must influence the selection process in order to undermine the results of the matching analysis (DiPrete and Gangl, 2004; Rosenbaum, 2002) . This test assumes that two 8 The observable characteristics X of these non-participant farmers are available in the French Farm Census but no data on their use of herbicides is available (see Section 3.2). Therefore, we can use them to estimate the propensity scores but we cannot use them as untreated farmers in the impact analysis. Alternatively, one may consider to compute the propensity scores by estimating a probit model from a sample of participants and future participants only, where the dependent variable takes on the value of one if the farmer is participant in 2011 and zero elsewhere. Estimates of such model provide the predicted probability of being participant in 2011, rather than participant in the AES. We thank an anonymous referee for suggesting it.
farmers with the same observed characteristics may differ in the odds of participating in the AES by at most a factor of Γ, referred to as unobserved bias. We search the critical levels of Γ at which the estimated ATT would become insignificant (at a 5 percent significance level). The results are displayed in first column of Table 4 . It indicates that, depending on the matching estimator considered, the critical value for Γ ranges between 1.4 and 4 for the estimates of ATT 2011 . Taking the smallest value found for Γ (1.4), this means that two farmers who have the same observable characteristics X would have to differ in their odds of scheme participation by a factor of 1.4
for the ATT 2011 estimated with the matching procedure to become insignificant. We can thus conclude that, even though unobservable factors may explain part of being a participant in the AES, it is very unlikely that they would influence the odds of participation to such a large extent.
We are thus confident that our identification strategy performs well.
We follow exactly the same procedure to estimate the impact of the AES in 2012. Specifically, we apply the matching procedure to the group of farmers who entered the scheme in 2010 or 2011 (considered as treated farmers in 2012) and the group who entered the scheme in 2012 or 2013 (considered as untreated in 2012). As for the ATT 2011 , we compute the propensity scores and find that densities in both groups are high enough for a wide range of propensity scores (Figure 3 ). We then calculate the normalized differences in covariate means between treated farmers and untreated farmers, before and after matching (see Table 5 ) and find that almost all the normalized differences after matching are below the suggested rule of thumb of 0.25 standard deviations (except the variable measuring age and the variable measuring the use of particular cellars but these differences remain small). We conclude again that the matching procedure performs well in eliminating potential sources of bias.
Estimates of the impact of the AES in 2012 are displayed in the second column of Table 3 .
The estimated ATT range between −0.33 and −0.46 points. Taking the smallest impact estimator, which is the kernel matching estimator and given that the average TFI equals 0.45 in the treated group, it means that the quantity of herbicides used by participants in the scheme in 2012 would have been 0.78 (0.45 + 0.33) in the absence of the AES. Put differently, the quantity of herbicides used by participants in the scheme in 2012 is about 42 percent (0.33/0.78) below the quantity that would have been used without the scheme. Taking the largest impact estimator, it is about 50 percent.
Impact of the "zero herbicide between the rows" option
Next, we turn to the impact analysis of one specific option of the AES, the so-called "zero herbicide between the rows" option, for which the sample size is large enough to allow specific investigation (81 farmers in 2011 and 92 farmers in 2012). This option is interesting because it is both the most frequently chosen as well as the least stringent among the options that target herbicide use -characteristics which are probably related. Indeed, although participants commit to use no herbicides between the rows, they have no constraints on the quantity of herbicides used underneath the rows.
Results of the estimates are displayed in Columns 3 and 4 of 
Robustness checks
As stressed just before, the quantity of herbicides used is expected to be higher during rainy years than during dry years, all other determinants being equal, because of the higher weed pressure that rainfall generates. One concern with our main findings is thus that estimates are driven by geographical differences across areas. Indeed, when comparing average levels of TFI among participants and future participants, to some extent we compare farmers located in the eastern zone of the region under study to farmers located in the western zone.
In order to avoid potential bias in the estimate of the impact of the AES that could arise due to spatial variability in meteorological characteristics of the study region, we thus perform the estimations by focusing on a subset of farmers who are very close to each other geographically and who constitute a large enough sample to ensure accurate results. impact ranging between 31 percent and 40 percent in 2012. We conclude that the data we use from western areas do not bias the estimates in 2011. On the contrary, they may slightly pull the estimated impact downwards in 2012.
Finally, we run the same estimations on a sample in which farmers who engaged in organic farming schemes are excluded because we suspect that they may drive previous estimates. Results are displayed in Columns 3 and 4 of Table 6 . They appear very similar to those obtained from the initial sample in 2011, with an impact on participants ranging between 42 and 54 percent below the counterfactual level of TFI. On the contrary, they appear slightly smaller than those obtained from the initial sample in 2012, with an impact ranging between 26 percent and 34 percent only. This suggests that the small number of farmers who were engaged in organic farming schemes may, at least partly, drive the main result we estimated in 2012.
AES impact on water quality
Our estimates of ATT 2011 and ATT 2012 are an important step towards the assessment of the costeffectiveness of the AES in improving water quality in French watersheds 11 . Because we do not know the proportion of winegrowers who actually participate in the scheme in each watershed, the quantity of herbicides used by all non-participants in each watershed, the exact location of each participant, nor the contribution of their lands to global water pollution levels, we are not able to conduct a complete cost-benefit analysis of the studied AES. Nonetheless, we are able to provide some insights regarding the impact of the AES on water quality through some illustrative numbers.
Let us focus on a specific, commonly used herbicide, glyphosate, which has a reference dose of 1,440 g/ha. Depending on soil characteristics, 0.1 to 5 percent of the applied product ends up in surface or groundwater. This means that, when winegrowers have a TFI close to 1 as in the control group in 2011, at least 1.44 g/ha are likely to be carried away by runoff. An estimated 1,500 cubic meters of water exits each hectare per year as runoff. 12 As a result, assuming that polluted water will replace all clean water in the long term, the concentration of glyphosate in the water would be 0.96 µg/l, which is much higher than the legal limit for drinking water (0.5 µg/l).
13
Supposing now that all winegrowers in a catchment area chose to participate in the AES and that our estimate of the ATT would be the same for all of them, say ATT = −0.5, the concentration of glyphosate in the water would reach only 0.48 µg/l, which is below the legal limit for the level of pesticides in drinking water. Under this scenario, the AES would have reduced the level 11 We focus here on water quality, as this is the primary objective of the scheme under analysis, but the reduction of herbicides used by winegrowers may as well benefit the environment more broadly, for example by favoring biodiversity and reducing greenhouse gas emissions 12 Runoff can be roughly estimated as the difference between annual rainfalls, approximatively 650 mm in the region under study, and annual evapotranspiration, which is on average 500 mm for vineyards. 13 The legal limit for the level of pesticides in drinking water is 0.1 µg/l for each molecule of pesticide, with a maximum cumulated level of 0.5 µg/l for all types of pesticides.
of herbicides in regional water sources just below the cumulated threshold for drinking water.
However, under the assumption that the maximum of 5% of applied herbicides are carried away by runoff, the AES would have lead to a concentration in herbicides in the water exiting the plots equal to 24 µg/l instead of 0.48 µg/l, which is much higher than the legal threshold. These simple calculations suggest that the success of this AES in ensuring water quality is conditional on many factors, in particular runoff and participation rates.
Conclusions
The main results of our analysis suggest that the AES options targeting the reduction of herbicide use in French vineyards had a significant impact on participants' practices. We show that the quantity of herbicides used by participants in the scheme in 2011 ranges from 38 to
53 percent below what they would have used without the scheme, and 42 to 50 percent in 2012.
Overall, these results are robust to various estimators, robustness checks, and a sensitivity analysis.
We moreover show that the least demanding but most adopted AES option -"zero herbicide between the vine rows" -has a significant impact on herbicide use in 2011, but no significant impact in 2012. This suggests that least demanding AES options are effective in avoiding pollution peaks when weed pressure is high (as in 2011), whereas more demanding AES options guarantee an overall reduction in herbicide use even during easy farming years in which less weed pressure is experienced (as in 2012). This however also suggests the presence of windfall effects when weed pressure is low, which tend to decrease the efficiency of the program by using resources to pay for practices that would have been adopted anyway.
Though additional work is necessary to measure the impact of the scheme on overall water quality within the affected watersheds, our analysis constitutes a first step in this direction by showing that, under certain conditions, these AES options are likely to reduce the level of herbicides in water below the cumulated threshold for drinking water. Obviously, this result is more likely to hold when the quantity of herbicides carried away by runoff is small. Note: AES phyto02 refers to the suppression of herbicide use; AES phyto04 refers to the reduction in herbicides use by 40% of the regional standard; AES phyto10 refers to the suppression of herbicide use between the vine rows; AES couver03 refers to maintaining grass under-the-row; AES bioconv (resp. biomaint) refers to the conversion to (resp. maintaining of ) organic wine growing. 3) refers to the farmers from the untreated group who were selected in the matching procedure using the one-nearest neighbor estimator. Columns 4 (resp. 5) reports the normalized mean differences before (resp. after) the matching procedure. The normalized difference is the difference in means between the two groups considered divided by the square root of the sum of variances for both groups. Note: Three asterisks *** (resp. **, *) denote rejection of the null hypothesis of no impact at the 1% (resp. 5%, 10%) significance level. One (resp. two) Nearest Neighbour (X) refers to the nearest neighbor estimator using one (resp. two) matched observations and the vector X. Standard errors in italics below coefficients. 1.4 1.9 One Nearest Neighbour (pscore) 2.9 1.9 Two Nearest Neighbours (X) 2.6 2.6 Two Nearest Neighbours (pscore) 3 2 Kernel regression 4 2.7 This tables gives the magnitude of the unobserved bias (Γ) that would explain the estimated ATT in 2011 and 2012, using various estimators. The magnitude of γ was computed using the procedure provided by DiPrete and Gangl (2004) based on the approach of Rosenbaum (2002) . 3) refers to the farmers from the untreated group who were selected in the matching procedure using the one-nearest neighbor estimator. Columns 4 (resp. 5) reports the normalized mean differences before (resp. after) the matching procedure. The normalized difference is the difference in means between the two groups considered divided by the square root of the sum of variances for both groups. Note: Three asterisks *** (resp. **, *) denote rejection of the null hypothesis of no impact at the 1% (resp. 5%, 10%) significance level. One (resp. two) Nearest Neighbour (X) refers to the nearest neighbor estimator using one (resp. two) matched observations and the vector X. Standard errors in italics below coefficients. 
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